Abstract
I. INTRODUCTION
Orthogonal frequency division multiplexing (OFDM) is an attractive technique for high data rate transmission over frequency-selective fading channels due to its capability to combat the intersymbol interference (ISI) [1] . Using multiple-antennas (known as multiple-input multiple-output (MIMO) technology) at both the transmitter and receiver can dramatically increase the capacity provided that the environment is rich scattering [2] .
The combination of MIMO and OFDM, referred to as MIMO OFDM system, has been proposed as a very promising system for enhancing the capacity and improving the link reliability for future broadband wireless communication [3] . In order to realize such system, channel estimation is crucial [4] .
Channel estimation based on adaptive filtering has been proposed as an appropriate solution for estimating and tracking the time-varying channels in mobile environments. For example, in [7] , a frequency-domain (FD) adaptive Wiener filter channel estimator for OFDM systems has been proposed, where the normalized least-mean-square (NLMS) and recursive least squared (RLS) algorithms are used to estimate the time-varying channel. In [8] , a two-dimensional RLS adaptive channel estimator for OFDM systems that exploit the time-domain (TD) and FD correlations was proposed. In [9] , flat-fading MIMO channel tracking based on decision-directed (DD) RLS algorithm was considered.
Channel estimation in TD is attractive over its counterpart in FD due to its lower computational complexity, accuracy, and effective channel impulse response tracking especially when the channel is timevarying [10] .
In this paper, adaptive TD channel estimation and tracking, based on exponentially weighted (EW) RLS algorithm, is investigated for MIMO OFDM-based WLAN systems. The time evolution of the channel is modeled according to the first-order Markov process, and the time variations of channel estimates are tracked through applying the DD method.
The rest of this paper is organized as follows. In Section II, MIMO OFDM system model is briefly introduced. In section III, the EW-RLS estimator is derived. In Section IV, first-order Markov process is described. Simulation results are presented for 2 2 × MIMO OFDM WLAN system in Section V, and conclusions are drawn in Section VI.
II. SYSTEM MODEL

A. Wireless Channel Model
Assume sufficient antenna element spacing so that the subchannels between different transmit-receive antenna pairs are spatially uncorrelated, and have f , denote the amplitude, the phase, and the Doppler shift of the lth path, respectively. Assuming isotropic scattering, the autocorrelation of the path gains is expressed as [11] 
B. MIMO OFDM System
A typical baseband MIMO OFDM system with t M transmit antennas, 
where 
denote the kth data sample of the transmitted OFDM symbol from the pth antenna, channel coefficient of the kth tone 
III. MIMO CHANNEL ESTIMATION
In this section, the adaptive EW-RLS estimator is presented. The channel estimates are updated recursively upon receiving new training symbols. Synchronized replicas of the training symbols, locally stored at the receiver will act as references. In the following, the RLS estimator is derived.
A. RLS Estimator Derivation
To derive the EW-RLS-based MIMO OFDM channel estimator, first, we define the estimation error, and then the cost function (defined as the weighted sum of error squares) is optimized against the taps of the channel under estimation. Since channel estimation is carried out during the time interval of one OFDM symbol, the time index m will be omitted in the following. The a posteriori estimation error is defined as the difference between the noisy received signal and its estimate. In TD, it can be expressed in a matrixvector form as
where n denotes the observation time index and
vector of the relative inputs into the adaptive filter at the instant i. The vectors 
Hence, the channel estimate q n, h can be obtained by
vector of MIMO channel estimate at time instant n at the qth receive antenna. The computation complexity of (11) is significantly reduced by recursively updating the inverse of the matrices ) (n R and the vectors ) (n Z as
The inverse of the recursion in (11) can be avoided by invoking the matrix inversion lemma [12] , to obtain
Finally, the time update of the subchannels estimates q n, h , at time n, can be easily shown to be 
IV. FIRST-ORDER MARKOV MODEL
Assuming that the CIR taps are slowly varying and fade at the same Doppler rate, then it may be possible to statistically describe such variations according to the first-order Markov process as follows [13] ) From Figs. 2 and 3 we observe that the MSE performance of the estimator is almost the same when the channel is experiencing low Doppler frequencies, regardless of training rate. However, very small degradation in the MSE of the channel estimates is noticed for training rate of 4%, compared to 10%, especially at high SNR and higher Doppler frequencies. This increase in the MSE pertains mainly to the decision errors created during the operation of channel estimator in the DD-mode. In Figs. 4 and 5, the BER performance versus SNR, with DD channel tracking. The BER for perfectly known channel is also demonstrated to give a lower bound for channel tracking performance. As it can be noticed, the BER curves obtained with channel tracking (solid curves) are very close to those obtained with perfect channel (dashed curves), especially at low Doppler frequencies (low mobility) and low SNR. However, small degradation in the BER relative to that of perfectly known channel has occurred at high SNR and higher Doppler frequencies. This degradation is mainly due to the decision error propagation arising when the estimator switches its operation into the DDmode and also due to the mismatch between the actual time-correlation of the channel taps and the assumed first-order Markov process model used. 
I. CONCLUSION
In this paper, adaptive TD channel estimation and tracking based on EW-RLS algorithm is investigated for MIMO OFDM WLAN systems. . Simulation results show that the proposed estimator has excellent performance (very close to the ideal) over slowly to moderate time-varying channels and at low SNR. In channels where higher Doppler frequencies are experienced, the performance can be improved by increasing the training rates. The computational complexity is significantly reduced by recursively updating the channel estimates and by applying the matrix inversion lemma.
